Introduction 21
This document further describes the methods and findings of our work. We have 22 included a more comprehensive description of the metrics we used here to estimate the 23 contributions of anthropogenic warming to the Pan-Caribbean drought. 24
S1. Climate data 25
The observed and simulated climate products we used to calculate PET and scPDSI 26 are listed in the Tables S1 and S2. Because of the relatively coarse horizontal 27 resolution of the current gridded climate products, which varies from 0.5º to 2.5º (~55 28 km to ~280 km, respectively) and fails to resolve many of the Lesser Antilles (Jury et 29 al., 2007; Dai, 2011; 2013; van der Schrier et al., 2013; Cook et al., 2015) , we used 30 statistically-downscaled monthly precipitation data from the Global Precipitation 31
Climatology Centre (GPCC) "combined product" (available at: 32 https://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html) (Schneider et al., 2015a,b) , 33 and temperature fields (T min , T mean , and T max ) from the Berkeley Earth Surface 34
Temperature (BEST) (Rohde et al., 2013) . Wind speed and net radiation data were 35 obtained from National Centers for Environmental Predictions-National Center for 36
Atmospheric Research (NCEP-NCAR) (Kalnay et al., 1996) and the Japanese 55-year 37 (JRA-55) (Ebita et al., 2011) reanalyses, and were bi-linearly interpolated to a 38 common resolution of 4 km. The validation of downscaled products and further details 39 of the downscaling and bias-correction procedures we used are described in the 40 Supporting Information and in Herrera and Ault (2017 Intercomparison Project Phase 5 (CMIP5) (Taylor et al., 2012) and are listed in Table  52 S2. Models were selected based solely on the availability of monthly T min and T max data 53 during the study interval. We used temperature data from the archive's historical 54 simulations from 1950 to 2005, appended to the Representative Concentrations 55 Pathway 8.5 (RCP8.5) to cover 2006/2016. Pre-industrial control and naturally-forced 56 historical simulations were used as a benchmark to estimate the contribution of 57 anthropogenic-forcing to scPDSI and PET-anomalies. CMIP5 data of precipitation, net 58 radiation, wind speed, and soil moisture were further used to assess the consistency of 59 scPDSI with simulated soil moisture in terms of interannual variability and long-term 60 trends. CMIP5 model data used in this work were obtained from https://esgf-61 node.llnl.gov/search/esgf-llnl/, and in contrast to GPCC and BEST, CMIP5 climate 62 data were not downscaled. 63
S2. The self-Calibrating Palmer Drought Severity Index 64
The original PDSI consists of a simple water balance model that uses precipitation and 65 PET as moisture supply and demand, respectively, coupled with a two-layer soil 66 model (Palmer, 1965) . Despite its successful use in diagnosing drought during recent 67 decades, the PDSI yields inconsistent results across climates (Alley, 1984) . This issue 68 is largely due to the constant duration factors in the original PDSI formulation, which 69 were empirically derived from stations in the central US (Palmer, 1965; Alley, 1984; 70 Wells et al., 2004) . scPDSI addresses this limitation by automatically calculating 71 duration factors based on local climate conditions during a determined calibration 72 period (Wells et al., 2004) . The PDSI's calibration period is the interval used to 73 establish the normal hydroclimatic conditions for a specific location (Palmer, 1965), 74 and hence partially controls the variance of the index. scPDSI is calculated with the 75 same basic formulation as the original PDSI as: 76 Further details on how we calculated scPDSI are described by Herrera and Ault 85 (2017). 86
S3. The FAO reference evapotranspiration 87
We used a modified version of the original Penman-Monteith (PM) method, as used 88 by the UN Food and Agricultural Organization (FAO) (Allen et al., 1998) . We 89 selected this method because it requires fewer inputs for its computation as compared 90 to the original PM method (Penman, 1948; Monteith, 1965; Allen et al., 1998) 
112 where R . is the vapor pressure (kPa) as a function of the air temperature, and T is 113 the air temperature in degrees Celsius (ºC). The actual vapor pressure (e a ) was also 114 obtained with Eq. (3) but using our downscaled T min instead of dew-point temperature 115
because we wanted to be consistent with (e s ), which was estimated with our 116 downscaled temperature datasets. Also, we found that this simplification did not have 117 meaningful impact on the results, as, when we calculated PET from reanalysis data, 118 the Caribbean PET record was similar regardless of whether we calculated (e a ) from 119 T min or specific humidity. Furthermore, since we used our downscaled temperature 120 datasets for these computations, the topographic influence to vapor pressure was 121 therefore taken into account. This PET dataset is the same we used in Herrera and Ault 122 (2017), and is currently available upon request. 123
S4. Anthropogenic contributions to drought severity 124
The contributions of anthropogenic warmth to the Pan-Caribbean drought were 125 estimated using an array of observed gridded climate data, which were combined to 126 validate the consistency of our findings. Specifically, we used the following 127 combinations of (a) precipitation, (b) temperature (T min , T mean , and T max ), and (c) Contributions on each grid-cell were estimated using the following Equation: 138 139 140 141 where C is the anthropogenic contribution, PDSIdet is PDSI calculated with adjusted 142 temperatures (i.e., after the removal of the anthropogenic warming signal), while 143
PDSIor is PDSI calculated using unadjusted temperature records. 144
S5. Statistical downscaling and validation of downscaled products 145
The downscaling method applied in this work is the same as in Herrera and Ault 146 (2017) , which similar to the "delta method" implemented by Mosier et al. (2014 To downscale precipitation, we applied a two-step using CHIRPS: 1) we re-gridded 157 the original GPCC V7 dataset to match the resolution of CHIRPS (0.05º or ~6 km), 158 and we then corrected the variances and means of GPCC so that they match with 159 CHIRPS during the overlapping period from January 1981 to December 2015; 2) 160 precipitation anomalies were calculated as the monthly fraction with respect to the 161 1950-1980 climatology; 3) these anomalies were bilinearly-interpolated and then 162 aggregated to the WorldClim climatology to get a final downscaled product of 4 km 163 (Herrera and Ault, 2017). 164
As in Herrera and Ault (2017), we validated our downscaled products before using 165 them in our anthropogenic contribution estimations. To do so, we calculated the 166 Spearman rank correlation and root-mean-square-errors (RMSE) between 38 weather 167 stations and underlying grid cells for precipitation, and with 20 stations for mean 168 temperature (Fig S3) . Most of the weather stations used are from the Global Historical 169
Climatology Network (GHCN), versions 2 and 3. As shown in Fig. S4 diminishing, it is usually associated to an even above-normal precipitation (Giannini et 196 al. 2001a; Jury et al. 2007; Herrera and Ault, 2017) . In addition, there is also a major 197 geographic variability on ENSO effects to Caribbean precipitation (Jury et al. 2007; 198 Herrera and Ault, 2017) (Fig. S5) . ENSO seems to have a stronger influence in 199
Western Caribbean precipitation variability (e.g., Cuba, Jamaica, and western 200 Hispaniola Island), while the North Atlantic Oscillation (NAO)--although weaker--201 seems to have a more pronounced influence in Eastern-southeastern Caribbean (e.g., 202 SE Lesser Antilles) (Jury et al. 2007) . This is consistent with a recent study, in which 203 the authors have found that ENSO effects to drought variability in Puerto Rico is not 204 significant (Torres-Varcárcel, 2018 climate change on surface radiative flux anomalies using this dataset. However, these 215 analyses provide further insights into the radiative characteristics of the Pan-Caribbean 216 Figure S1 . Water balance estimates using data from the Global Land Data 236 Assimilation System (GLDAS). The metrics used here: (a) soil moisture anomalies 237 (GLDAS Soil moisture), the self-calibrating Palmer Drought Severity Index (scPDSI; 238 GLDAS scPDSI) and the Standardized Precipitation-Evapotranspiration Index (SPEI; 239 GLDAS SPEI 9 months). All water balance metrics are consistent in terms of 240 hydroclimate trends and variability during the 1979-2017 period. scPDSI and SPEI 241 were calculated using precipitation data from GLDAS (b), and temperature from the 242 Berkeley dataset (c). Precipitation and temperature anomalies are shown in mm and 243
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Celsius degrees, respectively. 244 Caribbean drought a below-normal cloud fraction is observed across the Caribbean. 276
However, the persistent decrease in deep convection, as evaluated from below-normal 277 cloud optical depth anomalies, is the main characteristic of the drought. 
